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Abstract: Students report a high degree of anxiety and reduced self-confidence when facing statistical
subjects, especially in secondary education. This anxiety turns into poor academic performance.
Most studies have used linear models for studying the interrelation between different attitudes and
proving their impact on performance or related variables. This study uses a different approach to
explain and better understand the causal patterns of factors stimulating lower levels of anxiety in
students when facing statistics in secondary education. We employed the Multi-factorial Scale of
Attitudes Toward Statistics (MSATS) and fuzzy-set qualitative comparative analysis (fsQCA) on
a sample of 95 secondary school students in Spain. We identified the recipes or causal combination
of factors, leading to low and high levels of anxiety. The results indicate that self-confidence and
motivation are important factors in these recipes, but there is no single necessary condition that
ensures lower levels of anxiety.
Keywords: statistics; attitudes; anxiety; self-confidence; motivation; fsQCA
1. Introduction
It is common for many students to struggle when dealing with mathematics and mathematical
related subjects, such as statistics. These troubles are often due to negative attitudes, which are major
obstacle for effective learning [1]. Although the factors that are relevant in students’ performance in
statistics have received much attention [2,3], there is still a need to build on new knowledge regarding
attitudes towards statistics [4].
Attitudes consist of emotions and behavioural patterns [5]. Gal et al. [6] describe attitudes as
“stable intense feelings that develop as repeated emotional responses and automatized over time”. It is
important to distinguish between attitudes and beliefs. The latter refers to momentary emotions due
to immediate experiences.
Attitudes are a good predictor of content assimilation, its use, the motivation for learning and
of performance [7], and they are crucial for the right learning atmosphere surrounding statistics [8].
They can be positive (“statistics will be needed in my future job”) or negative (“no application can be
obtained from statistics in my [future] work”). Such attitudes may affect the extent to which students
will develop and apply statistical skills [6] and, therefore, their academic achievement. Attitudes in the
learning process are not directly observable [8,9]. Although researchers agree that these attitudes are
comprised of several dimensions, there is no consensus regarding the number and their relevance [8,10].
Several studies have focused on determining these dimensions in attitudes towards mathematics [11]
and, more specifically, statistics.
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Researchers have developed questionnaires that are focused on uncovering the underlying
structures of components that condition attitudes towards statistics. However, these studies do not
fully agree about which factors should be considered and how are they operationalized.
Starting with the Statistics Attitude Survey (SAS) that was developed by Roberts and
Bilderback [12], there have been many assessment instruments to evaluate attitudes towards statistics.
Among the different instruments, the Attitudes Toward Statistics Scale (ATS) [13] and the Survey of
Attitudes Toward Statistics Scale (SATS) [14] are the two most widely used. ATS measures students’
attitudes towards the use of statistics in their field of study and towards the statistics courses in which
they are enrolled. SATS measures feelings regarding statistics through the Affect scale, the Cognitive
Competence scale, the Value scale, and the Difficulty scale. Affect measures positive and negative
feelings concerning statistics; Cognitive Competence measures the attitudes regarding intellectual
knowledge and skills when applied to statistics; Value measures the attitudes about the usefulness,
relevance, and worth of statistics in personal and professional life; and finally, Difficulty measures the
attitudes about the difficulty of statistics as a subject.
Instruments to measure these attitudes have also been developed for Spain, among which we can
highlight those by Auzmendi [9], Estrada [8], and Bayot et al. [15]. However, Auzmendi’s instrument [7]
is the most extensively used in Spain [16]. According to Auzmendi [9] and other authors [17] attitude
towards statistics has three basic dimensions: the Cognitive dimension, or relationship with thinking,
conceptions, and beliefs about statistics; the Affective or emotional dimension, made up of positive or
negative emotions and feelings that statistics evoke and the Behavioral dimension, linked to actions or
intentions in relation to the statistics. All of these instruments have components that nearly overlap in
what they represent. For example, Auzmendi [7] found a correlation of 0.86 between her instrument
and SAS. Additionally, we can see that the Cognitive Competence component in SATS [18] represents
attitudes regarding intellectual knowledge and skills when applied to statistics, which is equivalent to
Self-Confidence in Auzmendi [9]; similarly, Value corresponds to Usefulness, Interest to Motivation,
or Affect to Enjoyment.
Most of these factors and their relation to students’ performance are supported by different theories,
such as Expectancy-Value Theory, Self-efficacy Theory, Self-determination Theory, or Achievement
Goal Theory. Eccles’s Expectancy Value Theory [19] suggests that students’ expectations of how well
they will do on a task (self-confidence) and the task’s perceived value (usefulness) are related and will
impact performance. Similarly, Self-efficacy Theory claims that students who have positive perception
of their capabilities are more likely to perform better [20]. Self-determination Theory adds to the
latter and suggests that feelings about statistics (Affect) are influencers of students’ learning. Finally,
Achievement Goal Theory focuses on Value and Effort to achieve the goal as drivers of the behaviour
in a particular subject.
Studies of attitude towards statistics also explored other variables that were not related to
the student behavior, such as age [21–23], gender [17,21,24], or the teaching methodology [25–30].
The studies, including sex and age, led to different and contradictory results. On the other hand,
changing the teaching methodology to a more practical and participatory one seems to improve attitude
and performance and reduce the anxiety towards statistics [25,26,31].
1.1. Relation between Attitudes, Anxiety and Performance
Anxiety is usually thought of as emotional fear or apprehension towards that object, as a reaction to
a situation [22,32]. Many authors [6,10,23,33–39] conclude that statistical courses and specially statistical
exams increase the degree of anxiety in students and result in inadequate academic performance.
Fitzgerald et al. [40] added expectations to anxiety as the best predictors of student performance in the
statistics course.
The relationship between anxiety and performance has been widely studied in education [41–45]
and in the learning of statistics [35,39,46–50]. Chiesi and Primi [35] have reported differences in
these studies with respect to how attitudes, anxiety, and performance relate, particularly in terms
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of their importance and significance. Some authors [35,48,50,51] reported that the relation between
anxiety and performance was not significant. On the contrary, the studies from Onwuegbuzie [52,53],
Onwuegbuzie & Seaman [38], Tremblay et al. [39], or Zeidner [22] confirmed that it was significant.
For example, the study of Lalonde and Gardner’s [50] showed that attitudes and anxiety influenced
performance through the mediation of motivation. The replication of the study by Tremblay‘s et al. [39]
study found that anxiety also affected the performance directly. Moreover, they found that negative
attitudes towards the subject increased the levels of anxiety and consequently reduced the achievement.
The differences in how anxiety relates to performance and its significance might be related to several
elements, such the variety of the models tested [10], the administration time of the survey, the context,
the different predictors accounted for in the study, or the research methodology, which assumes
linear and symmetric relationships between the variables of interest. However, we can still infer from
these studies that the reduction of students’ anxiety can translate into better academic performance
directly or through an improvement in attitudes towards statistics. Therefore, we can expect some of
these factors (e.g., self-confidence, usefulness, motivation) to be potential elements that are present
in causal combinations positively affecting (reducing) students’ level of anxiety towards statistics,
which eventually has a direct relationship with the students’ performance in the subject.
Attitudes are usually understood as evaluative reactions to an object, and the antecedent or
the manifestation can be in terms of emotions, cognitions, or behaviours [10]. Similarly to the
anxiety–performance relation, research has been conducted [7,13,21,54–56] studying the relationship
between the attitude towards statistics and academic results, because attitudes are considered to have
an important influence in the teaching and learning processes [29]. Sorge & Schau [57] and Wisenbaker
et al. [58] described a positive effect of attitudes on performance. In Spain, studies, such as [9,17,59],
uncovered the existence of a positive correlation between student attitudes and their performance
in statistics.
1.2. Predictors of Attitudes and Anxiety
Carmona [10] classified the predictors of attitudes toward statistics in two groups: those that
relate to the previous experience of the students in the area and the self-beliefs (self-confidence,
expectations and self-efficacy) related to the subject. Expectations are a manifestation of
self-efficacy [60,61]. Additionally, both expectations and the task value are motivators to perform
achievement tasks [14]. According to [14], students’ expectations depend on the self-confidence and
the perception of the task demand. The task value, on the other hand, is determined by the importance
of doing well on a task (attainment value), the interest and enjoyment gained from doing the task
(intrinsic value), the usefulness (utility value), and the effort (costs) [19].
Self-perception has been negatively related to anxiety [22], and positively linked to
attitudes [33,62–64]. Low self-perception and lack of self-confidence about their statistics skills is
a major threat to students’ performance [65]. Moreover, Students’ interpretation of previous experiences
in similar courses has also been reported as the most influential source of their self-efficacy [66].
Subsequently, self-perception and, therefore, self-confidence are been built on previous experiences in
the area. The previous knowledge [1], previous experience in the learning context [35], or the links
of statistics to mathematics [67] affect students’ attitudes towards statistics and student performance.
In fact, Ramirez et al. [68] review of the literature on previous research regarding these elements
highlighted that 15 out of 17 studies found significant and positive relationships among attitude
components and achievement. Additionally, all six studies relating experience and prior success
reported a positive and significant relation to performance in statistics courses.
Thus, students’ attitudes and anxiety have persistently related to the previous training in
mathematics and statistics and with the self-concept about the skills that were related to these
subjects [10].
Some studies have considered the motivational approach. Auzmendi [9] and Budé et al. [51]
found that the affect towards the subject affects performance. Moreover, we can see in these studies
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motivational dimensions that partially overlap with some dimensions of attitude towards statistics.
Learning approaches have been also a matter of discussion in this field. Daley and Onwuegbuzie [69]
found less anxiety in students that were oriented to more to logical and mathematical thinking.
Mondéjar et al. [28] found more anxiety in superficial learners when compared to deep learners.
Onwuegbuzie and Daley [32] and Walsh and Ugumba-Agwunobi [70] concluded that students’
perfectionism, which is a representation of the expectations about their own performance, leads to
higher levels of anxiety.
Statistics is necessary for many university degrees [29], especially at technical universities,
and presents specific didactic problems, because students have a very heterogeneous mathematical
base [71]. In secondary school of many European countries, statistics is present within compulsory
secondary education curricula as a part of mathematics. Subsequently, to improve student’s
performance in higher education courses, research points towards a change in student attitudes
in the early stages of their relationship to the discipline. Positive attitudes towards statistics are related
to positive past experiences in statistics or in mathematics, which many times are formed in secondary
education. In other words, building positive attitudes in lower levels of education might improve
student attitudes and results in statistics or statistical methods in higher levels of education.
Determining what factors condition student attitudes towards statistics is important, but how these
attitudes affect the levels of anxiety and student performance, is also of interest. The educator might
design strategies to modify these attitudes and improve student performance. Indeed, how educators
organize teaching and learning activities reinforces certain attitudes in students [72–74]. Efforts have
been made to update the teaching methodology to use more challenging and student-oriented activities
that students can apply, would allow them to experience statistical concepts [75–80] and might change
their beliefs about and attitudes towards statistics [81].
This literature review suggests that the relationships between factors that are related to statistics
achievement are quite complex. However, that there is still a need for deeper knowledge about
the relationship between attitudes and anxiety level to encourage improved student performance in
statistics. The methodological approach of this study avoids some of the issues mentioned in the next
section to gain a complementary approach to the existing knowledge. Thus, we are looking to uncover
which combination or combinations of attitudes towards statistics (conditions) decrease students’
anxiety towards statistics (desired output). We sought to determine how enjoyment, usefulness,
motivation, and confidence affect anxiety.
2. Materials and Methods
Researchers have used different quantitative techniques to explain and model the complex
relationships between different factors that affect attitudes towards statistics and student
performance [82]. These studies normally look for potential predictors of attitudes towards statistics,
their interrelationships, and student performance. In addition to the use of different variables and
measurement instruments, these studies also vary in terms of methodology and how the variables are
related. They sometimes include additional variables that may act as moderators in the models, such as
gender [47,83], mathematical background or competence [9,35,46,84], general learning ability [85],
learning approach [28], or teaching method [30]. Most studies have followed linear data analysis
approaches, such as regression or structural equation modelling. Unlike these methods, configurational
comparative methods, such as fuzzy-set qualitative comparative analysis (fsQCA), look for causal
recipes—that is, a combination of conditions that causes a desired outcome [86].
Linear methods look for the net effect that one or more (independent) variables cause on another
(dependent) variable—that is, whether each independent alone significantly impacts the dependent
variable. However, the impact of an independent variable and its significance might change depending
on the other independent variables included in the model [87]. Therefore, we are estimating the
average effect of the variables of interest in the desired outcome. Put simply, in linear methods,
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independent variables are competing to explain variance of the dependent variable and, in fsQCA,
they cooperate to create the outcome [88].
In regression-based studies, combinations of conditions are analysed through analysis of their
interaction. Interpretation can become complicated as the number of involved variables increases [89].
Within fsQCA, we can study different paths or combinations of causal conditions, resulting in an outcome
or final state [90] and can thus examine complex combinations of causal conditions that normally are
interdependent or that act differently, depending on context [91]. The latter–asymmetry–contrasts
with linear models, in which the relationship between the outcome and predictors is assumed to be
symmetric. Thus, the configurations that bring about high levels of the outcome might be different
than the configurations resulting in low levels.
FsQCA deals with some of these limitations shown in regression-based models, such as symmetry
or the lack of proficiency at handling multi-faceted interdependencies between variables [92].
Additionally, fsQCA was developed and it has been used for small or medium data samples [93].
However, it has been widely used in large-N data in the social sciences, and it is applicable to research
using survey data [94]. Thus, this method is ideal as a complement to the regression based studies [95]
that have been reported so far.
In this study, we take this new approach to the problem [92] and look for combinations of
conditions that are sufficient for or necessary to have a positive or negative influence on the level of
student anxiety towards statistics. We used the Multi-factorial Scale of Attitudes Toward Statistics
(MSATS) [9] in a sample of 95 students from the same secondary school. The students who completed
the questionnaire were in the two levels (Compulsory Secondary Education and Baaccalaureate) prior
to the first university course, and the three different grades had mathematics with statistics that were
associated in the syllabus. The test was taken when all of the students already had faced statistics
as a part of their mathematics course. In educational system of the study, all of the mathematics
courses include one block of contents out of five dedicated to statistics and probability from 7th to
12th grade. However, only Baaccalaureate students in Science and Social Sciences itineraries have
mathematics in their curricula. Hence, only the students that continued their education through these
two Baaccalaureate itineraries were included in the survey for the 11th and 12th grades. The number of
students continuing their education in statistics diminishes dramatically at the end of the Compulsory
Secondary Education, because some students do not continue with any further education, some choose
a Vocational Education program and the rest follow a Baccalaureate itinerary in Arts or Humanities.
Table 1 shows the sample profile.
Table 1. Profile of students.





10th grade (CSE) 62/79 (78%) 36/26 6.36 6.69
11th grade (B) 17/17 (100%) 8/9 7.75 7.8
12th grade (B) 16/17 (94%) 6/10 8.06 7.99
Total 95/113 (84%) 50/45 6.92 7.14
CSE: Compulsory Secondary Education. B: Baccalaureate. N: Number of students enrolled in mathematics.
Figure 1 graphs the distribution of the overall grades of these students in order to understand the
competence level of the students. It can be seen how the grades rise with the time, showing a confidence
acquisition in each New Year (Figure 1a). The students of both sexes show a similar performance
on the academic studies, the Female group having more dispersion (Figure 1b). This is a particular
behaviour of this school, situated in the surrounding area of a Spanish big city.
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Table 2. Constructs of interest.
Construct Items Average Value StandardDeviation
Composite
Reliability
Anxiety (reversed) 2, 3, 7, 8, 12, 13, 17, 18, 22 3.46 0.602 0.825
Enjoyment 4, 9, 14, 24 2.49 0.781 0.82
Usefulness 1, 6, 15, 16, 19, 21 2.66 0.634 0.739
Motivation (reversed) 5, 10, 25 3.29 0.657 0.75
Confidence 11, 20, 23 3.48 0.740 0.704
The fsQCA process begins with the calibration of the study measures. The calibration consists
of transforming the original measures into calibrated sets. Fuzzy sets vary from 1, indicating full
membership, to 0, corresponding to full non-membership. The values within this range indicate the
degree to which each case belongs to a set of the corresponding measure. There are different ways to
calibrate constructs that are composed of interval-scale variables. Betti et al. [97] suggest assigning
scores to each category through a normalisation process to later calculate the fuzzy indicator weighting
the calculated scores with the corresponding latent variable scores that are obtained in a factor analysis.
Ragin [89] proposed two different approaches, one that is based on the specification of three anchor
points, two thresholds for full membership and full non-membership, and a crossover point that
represents the value of the interval-scale variable, where there is maximum ambiguity as to whether
a case belongs or not to the target set. The other one is based on regression procedures to estimate
degree of set membership. Additionally, among the different options for proceeding with constructs
measured with interval-scale variables, previous studies have used the summed values of the items
(i.e., Dinh and Thi [98]), the multiplied values of the items (i.e., Palacios et al. [99] or the average
values of the items (i.e., Ordanini et al. [100], Palacios et al. [99] or Pappas et al. [101]). In our study,
we used the suggested additive measure that was applied by Auzmendi [9] to group the constructs of
interest (see Table 2) and use the average value of the suggested items in the measure as the input in
our calibration process. We favoured this approach, because, by using latent variable scores, it better
captures the overall student-specific attitude due to the reflective nature of the scales for the constructs.
It also deals with missing data in the survey properly.
We used the average value of the items as the input measure in the calibration process. Following the
direct method [90], we established the cutoff levels for calibration. The three thresholds correspond to
full membership, full non-membership, and the crossover point. Several direct methods have been
used in previous studies, but most involving a relatively large number of cases for the fsQCA technique
use percentiles for this purpose [92,102,103]. For each of the five measures, we used 90% for full
membership, 10% for full non-membership, and 50% as the crossover point. The direct calibration
method [53] uses estimates of the log of the odds of full membership in a set as an intermediate step to
obtain the membership scores. The full membership anchor corresponds to a set membership score
of 0.95 and a log odds of 3.0 and, similarly, full non-membership corresponds to a set membership
score of 0.05 and log odds of −3.0. We calculated the deviations of all raw scores from the crossover
point and multiply it by the ratio of the log odds associated with cutoff value that we established for
full membership or full non-membership, depending on the relative position of each raw score to the
crossover point in order to calculate the log odds of each raw score. Finally, we obtain the desired
membership score for each case (see 1), which is a value that ranges from 0 to 1
degree of membership = exp(log odds)/(1 + exp(log odds)), (1)
After calibration was complete, we used the fsQCA 3.0 [104,105] software for the analysis.
The fsQCA algorithm produces a truth table with 2k rows, were k is the number of conditions that
are involved in the prediction of the desired outcome. Thus, the truth table includes all possible
combinations of conditions, and each of the observations was classified by the fsQCA algorithm in each
of the 16 possible configurations while using the previously calculated calibrated values. Refining the
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truth table to determine the combinations for subsequent analysis is the next step in the process [86].
Ragin [90] has suggested a cutoff level higher than 1 when dealing with medium or large samples and
a consistency threshold of 0.8. Frequency represents the number of observations for each possible
combination of conditions, while consistency indicates the proportion of cases in a truth table that
displays the outcome [86]. We reduced the truth table and obtained the solutions while using the
Quine–McCluskey algorithm with a minimum frequency of two observations and the recommended
consistency of 0.80. Configurations with consistencies higher than the 0.8 were coded as 1 to reflect
that they were consistent with sufficient conditions for the outcome. The remaining configurations
were coded as 0.
FsQCA logical minimization can be conducted in different ways, depending on how remainders
are used. Remainders are configurations without observed cases [90,106]. If remainders are not
considered, the result is often a complex solution, which is normally difficult to interpret. If all of the
remainders are considered, even those that are implausible assumptions about how the solutions relate
to the outcome, a parsimonious solution, which is easier to interpret, is obtained. A midpoint between
these two options is the intermediate solution, which only uses as remainders those cases that are
theoretically plausible assumptions about the relationship between the condition and the outcome.
We report the intermediate solutions (see Table 3), as they are claimed to be superior to other possible
solutions [90].
Table 3. FsQCA results. Low levels of Anxiety towards statistics as outcome.
Positive Outcome Negative Outcome
Configuration 1 2 3 4 5 6 7
Enjoyment • ⊗
Usefulness • • ⊗
Motivation • • ⊗ ⊗ ⊗
Confidence • • • ⊗
Consistency 0.793 0.823 0.804 0.787 0.803 0.752 0.797
Raw Coverage 0.511 0.527 0.513 0.466 0.536 0.469 0.506
Unique Coverage 0.131 0.043 0.023 0.059 0.083 0.02 0.023
Overall Solution consistency 0.753 0.75
Overall solution coverage 0.773 0.657
Note: Black circles (•) indicate the presence of a condition, and circles with “x” (⊗) indicate its absence. The blank
cells represent conditions that did not matter.
3. Results
Table 3 summarizes the intermediate solution. The black circles represent the presence of the
causal condition and the white circles with an x represent the absence or negation of causal conditions.
The blank cells represent conditions that do not matter. As already indicated, anxiety items were reverse
coded before calibration to show a positive relationship to the learning process with the independent
variables. Thus, a value closer to 1 in the calibration indicates lower levels of anxiety in the student
when dealing with statistics; that is, a positive anxiety outcome in the study indicates a reduction in
the levels of student anxiety, which is the desired outcome to improve student performance. Table 3
shows the consistency values over the threshold of 0.75, as suggested by Ragin [90]. These indicate that
the configurations may be considered to be consistent subsets of and sufficient for the outcome [90].
Consistency is similar to significance in statistical models [106].
Regarding the reduction of anxiety, configuration 1 shows that a high perception of usefulness
and a high student motivation can lead to lower anxiety, even if the student has no confidence or does
not perceive any enjoyment when learning statistics. Configurations 2, 3, and 4 share self-confidence as
an ingredient in the recipe for reducing anxiety levels. Specifically, the combination of self-confidence
and either the perception enjoyment, usefulness or motivation is a sufficient condition for obtaining
a reduction in anxiety towards statistics. This is consistent with self-confidence being at the heart of
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the reduction of anxiety [22]. Note that no single element is, on its own, a sufficient condition for lower
levels of anxiety towards statistics.
Solution coverage indicates the extent to which the solution explains a large amount of the
reduction in anxiety [107]. This is similar to the variance that is explained in regression models [108].
The solution that is presented in Table 3 explains 77.3% of low levels of student anxiety towards statistics.
Raw coverage accounts for the proportion of low levels of anxiety that each of the configurations
explains (i.e., solution 1 covers 51.1% of the cases with low levels of anxiety). Unique coverage accounts
for the proportion of low levels of anxiety that is solely explained by each configuration (i.e., solution 1
covers 13.1% of the cases with low levels of anxiety that no other solution explains).
We also performed a necessity analysis. A necessary condition is a condition that is present in
all of the configurations that lead to the desired outcome. Ragin [107] has suggested a consistency
of 0.9 for the necessary conditions. The necessity analysis test revealed that no condition by itself or
combined with another condition is necessary to produce the outcome, as all of the consistency levels
were lower than 0.9.
Fiss [86] differentiates between core and peripheral elements, referring to strong or weak causal
relationships between the condition and the outcome. Core conditions are those that are present in
the intermediate solution and remain in the parsimonious solution, while the peripheral disappear.
In our study on the reduction of anxiety, the parsimonious and intermediate solutions are the same
and, therefore, all of the combinations of conditions are core elements.
Unlike regression-based models, fsQCA does not assume that dependent and independent
variables are symmetric. If the presence of an element is sufficient for the desired outcome to occur,
the absence of that element does not necessarily imply automatically the absence of the outcome.
Figure 2 illustrates data from the sample plot on the models produced for the positive (a) and the
negative outcome (b) and shows that the relationships between the causal combinations in the models
and the levels of anxiety are asymmetric. For example, we can see in Figure 2a that high values in any
of the causal combinations of the solutions 1, 2, 3, or 4 (model for positive outcome) are sufficient for
low levels of anxiety (high values of the outcome) to occur, but high values of these same solutions are
not necessary for low levels of anxiety to occur [92].
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Table 3 display the results for high levels of anxiety. We used the same procedure to obtain the truth
table and in the minimization process. The intermediate solution shows a consistency of 0.75 and
covers 65.7% of the cases showing high levels of anxiety. These high levels are present when there is
a combination of an absence of motivation and an absence of either self-confidence, the perception of
usefulness or enjoyment. We might think that the absence of motivation is a necessary condition for
the presence of high levels of anxiety, as the absence of motivation is a common ingredient in any of
the recipes that are sufficient to increase the level of anxiety. However, necessity analysis reveals that
high levels of anxiety had a consistency lower than 0.9 when there is no or low levels of motivation.
4. Discussion and Conclusions
University courses on statistics or other courses in which statistics is used as a method or tool for
analysis (e.g., management) have been suffering from low student performance. This situation hinders
the appropriate development of the course. Previous research has indicated that knowledge acquired
during high school, especially in mathematics, has a strong impact on performance in statistics in higher
education [50,63,109]. Attitudes towards the discipline also affect performance [57,58]. Chiesi and
Primi [35] found that attitudes towards statistics change during the course. They also found that
mathematical competence and negative attitudes at the beginning of the course are associated with
high levels of anxiety, which promote low final attitudes towards statistics, which, in turn, yield low
performance. This background showed the importance of creating a sense of positive achievement and
predisposition to statistics in secondary school. Previous research has uncovered that the relationships
between different attitudes towards statistics are complex and that the variety of the results might be
due to, for example, the different variables that are involved or the non-linear relationships between
the variables [35]. These relationships might not be symmetrical, so the presence or absence of certain
variables might affect how they relate and the magnitude or significance of the relationship. Thus,
the purpose of this study was to take a different approach to increase the actual knowledge affecting
student performance in statistics by studying the levels of anxiety. More specifically, we studied
the different recipes or combinations of attitudes leading to lower levels of anxiety and the causal
combinations of attitudes that increased these levels.
The main contribution of this paper is to investigate the dependency among students’ attitudes
towards statistics on their level of anxiety. In the formulation of this research, positive attitudes
are hypothesised to decrease the levels of anxiety towards statistics. In this sense, our results were
consistent with previous studies, and all of the factors that were involved in the different paths to
the desired outcome, low level of anxiety, included positive attitudes towards statistics. However,
previous studies reported contradictory results regarding the significant impact of these attitudes.
The regression-based methodologies used in the previous research did not effectively account for
possible interaction and asymmetry in the relations among the attitudes, which might account for
the above-mentioned differences. We used fsQCA to uncover the conditions or combinations of
conditions that are sufficient for the expected outcome in order to avoid these limitations and give
a complementary view.
We uncovered four different paths that are sufficient to achieve low levels of anxiety. The study
revealed that no single attitude is a necessary condition and, instead, we need combinations of at
least two positive conditions to reach low anxiety. These results are consistent with previous studies
that indicate self-confidence is an important ingredient, which, in combination with other attitudes
evaluated, is sufficient for reducing anxiety. However, in situations where self-confidence is low,
a combination of motivation and awareness of utility produces the same outcome (low levels of anxiety).
Similarly, all of the combinations leading to high levels of anxiety were formed with a combination
of negative outcomes. All of these sufficient causal combinations included low levels of motivation,
which indicates the crucial role of motivation to avoid high levels of anxiety. However, motivation did
not pass the necessity analysis; that is, all of the students with high levels of anxiety had low levels of
motivation, but not all students with low levels of motivation showed high levels of anxiety.
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In practice, the results of this study help us to understand which combinations of attitudes are
sufficient for students to reduce levels of anxiety or to avoid high levels of anxiety when facing statistics
and, consequently, to improve students’ performance with statistics. These combinational patterns can
help focus educators’ actions towards those attitudes that produce a positive outcome. For example,
we might want to design applied activities that show the students the usefulness of statistics in the real
world and then gradually increase the difficulty to build self-confidence and consequently reduce the
levels of anxiety. Similarly, designing fun activities that are related to statistics is not going to reduce
the level of anxiety, unless those activities also build on students’ self-confidence. On the contrary,
low motivation is a common factor to all of the paths leading to high levels of anxiety. Educators might
want to use strategies to avoid decreasing students’ motivation or at least to avoid demotivating them.
Our study has some limitations. First, we tested students’ attitudes towards statistics in a single
secondary school. Although this issue allows for us to guarantee the homogeneity of students’
educational environment (e.g., the social level, the educators to whom they have been exposed, or the
previous educational origin), it certainly limits the generalizability of our conclusions. This study was
also conducted while examining secondary school students who had limited exposure to statistics
within a mathematics course, while, in higher education, there is dedicated statistics courses. A longer
exposure to statistics and the experience acquired by students throughout secondary school and in
the beginning of university courses might therefore change the attitudes or the capability of students
to control those attitudes. In addition, there might be other factors or attitudes, such as the teaching
capability of educators or the learning approach, which might also affect or moderate the relationships
of the studied attitudes on the levels of anxiety about statistics. An examination of these other factors
or moderators is advisable for future research.
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version of the manuscript.
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Appendix A
The survey comprised the following questions
Age:
Gender: Male Female
Grade: 10th 11th 12th
Average average in mathematics:
Overall average grade:
1 I consider statistics as a very necessary subject in my studies.
2 I’m pretty bad at statistics.
3 Studying or working with statistics doesn’t scare me at all.
4 Using statistics is fun.
5 Statistics is too theoretical for me to be of any use.
6 I want to have a deeper understanding of Statistics.
7 Statistics is one of the subjects that I fear the most.
8 I have confidence in myself when I face a statistical problem.
9 I enjoy talking to others about statistics.
10 Statistics can be useful for those who decide to pursue a science career, but not for
other students.
11 Having a good knowledge of statistics will increase my job possibilities.
Mathematics 2020, 8, 804 12 of 17
12 When I face a statistical problem I feel unable to think clearly.
13 I am calm when I face a problem of statistics.
14 Statistics is nice and challenging for me.
15 I hope to have little use of statistics in my professional life.
16 I consider that there are other matters more important than statistics for my
future profession.
17 Working with statistics makes me feel nervous.
18 I don’t get upset when I have to work on statistics problems.
19 I would like to have an occupation in which I have to use statistics.
20 It gives me great satisfaction to solve statistical problems.
21 For my professional future, statistics is one of the most important subjects I have to study.
22 Statistics makes me feel uncomfortable and nervous.
23 If I put my mind to it, I think I can master statistics.
24 If I had the opportunity, I would enroll in more statistics courses than are required.
25 The things taught in statistics classes are very uninteresting
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